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Abstract: The estimation of lithium ion capacity fade and impedance rise on real application is always
a challenging work due to the associated complexity. This work envisages the study of the battery
charging profile indicators (CPI) to estimate battery health indicators (capacity and resistance, BHI),
for high energy density lithium-ion batteries. Different incremental capacity (IC) parameters of the
charging profile will be studied and compared to the battery capacity and resistance, in order to
identify the data with the best correlation. In this sense, the constant voltage (CV) step duration,
the magnitudes of the IC curve peaks, and the position of these peaks will be studied. Additionally,
the behaviour of the IC curve will be modeled to determine if there is any correlation between the IC
model parameters and the capacity and resistance. Results show that the developed IC parameter
calculation and the correlation strategy are able to evaluate the SOH with less than 1% mean error for
capacity and resistance estimation. The algorithm has been implemented on a real battery module
and validated on a real platform, emulating heavy duty application conditions. In this preliminary
validation, 1% and 3% error has been quantified for capacity and resistance estimation.
Keywords: Li-ion; aging; state of health; incremental capacity; capacity fade; resistance rise
1. Introduction
The performance of a lithium ion battery is reduced over its lifetime due to irreversible physical
and chemical changes in the internal structure. In the case of lithium ion batteries, the degradation
is caused by several mechanisms [1] such as loss of active materials, the growth of solid electrolyte
interface (SEI) layers, electrode structural disordering and electrolyte decomposition. In this sense,
identification of the battery aging mechanism might be challenging [2], since those mechanisms are
strongly coupled during the aging process. Therefore, those mechanisms cannot be isolated and
studied independently. Considering the state of the art, the main aging mechanisms can be classified
into three groups: loss of lithium inventory (LLI), reduction of the active material on the positive
electrode (PE), and the reduction of the active material on the negative electrode (NE). In the first case,
the available lithium ions are reduced due to surface film formation (SEI growth), lithium plating,
and decomposition reactions. Consequently, fewer ions are accessible for a chemical reaction, reducing
the capacity of the battery. In the PE, due to structural disordering and particle cracking, the active
material of the PE available for the chemical reaction is reduced over its lifetime. Finally, a similar
process occurs on the NE: the active material of the NE is reduced. The electrolyte is also prone to
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decomposition; a part of the electrolyte is also consumed in the formation of electrode–electrolyte
interphases during cycling, leading to a performance reduction. As a consequence of these mechanisms,
the performance is reduced over the lifetime of the battery.
As a consequence of those aging mechanisms, the capacity and the internal resistance are
damaged [3], leading to the reduction of the battery’s energy and power density. In this sense,
the battery performance reduction will advance to a critical level, where the battery will not be able to
meet the application requirements. From a proper battery monitoring point of view, capacity fade
is directly correlated with the state of charge (SoC), state of health (SoH) and lifetime estimations,
since the value of this parameter is used for both calculations [4]. Moreover, to estimate the maximum
charging or discharging current rate that the battery is able to charge and discharge, quantified by the
state of function (SOF), accurate impedance estimation is mandatory. Therefore, incorrect impedance
estimation will affect negatively the SOF estimation accuracy. Consequently, in order to predict the
end of life and to estimate the different inner states of batteries accurately, it is very important to
understand the aging of a battery and to identify the values of these variables continuously.
In this sense, the health of a battery usually is quantified by taking the relation between the current
and initial capacity. Since the capacity is reduced due to the aging effect, the health indicator is reduced
as well over the lifetime. Additionally, the impedance rise is another important indicator for evaluating
the health of a battery, especially for those applications where the battery is exposed to high current
rates. Depending on the final application specifications, the end of life can be limited by a capacity fade
or impedance rise; hence, it is important to track both. In the literature, the SOH estimation has been
proposed using two different main approaches or strategies such as data-driven and adaptive systems.
Extensive testing, comprehension, and correlation between the testing conditions and aging indicators
is necessary to estimate the aging following a data-driven strategy (based on measuring the necessary
indicators such as Ah or Wh and executing the models), with the corresponding cost of testing and
required time. Additionally, if the battery is being used in a different condition from the lab testing,
the estimation can diverge from the real state. Within the adaptive strategies, in some publications,
the SOH has been quantified by measuring the internal resistance [5–7], but it is difficult to have an
accurate measurement due to the synchronization and accuracy needed for measuring current and
voltage. As an alternative, some adaptive systems that evaluate the degradation of the battery have
been proposed. Some of these variables are measurable such as voltage and current, but some others
need to be estimated since these are not measurable. The SOC and SOH are normally estimated using
adaptive or statistical inference techniques. In this sense, there are several ways to estimate the SOH,
e.g., Kalman filter (KF), extended Kalman filter (EKF) [8], genetic algorithm (GA) [9], particle filter [10],
fuzzy logic [11], artificial neural networks (ANNs) [12], and the least-squares method (LSM) [13].
The EKF strategy has been widely used for different purposes such as SOC, SOH, and also for
prognosis. He et al. [14] used a dynamic Electro Motive Force (EMF) curve updated by using recursive
least squares (RLS); then, this information was used within the EKF to estimate the SOC based on the
updated open circuit voltage (OCV) curve. Chen et al. [9] used genetic algorithm (GA) to update the
Li-ion equivalent electric circuit parameters: ohmic resistance and diffusion resistance and capacitance.
In this work, Chen used the evolution of the diffusion capacitance to update the SOH of a battery.
Nevertheless, the high volume of the operations and the consequent high computational cost make
the implementation of these algorithms challenging for real-time implementation [15]. Additionally,
an incorrect estimation of one of the aforementioned variables affects negatively the estimation of other
variables, since they are correlated to each other. In this sense, additional work has been [16] observed
for estimating the internal impedance dynamically and implementing projection techniques [4] to
estimate the SOH of the batteries. In this work particularly, the dynamic impedance is defined as the
changes in voltage generated by the current change during the charging/discharging process. However,
the SOH accuracy was not described in that paper. Based on electrochemical principles, since both
the cathode and anode are reduced or blocked, leading to capacity fade, some other authors suggest
evaluating battery aging based on the OCV–SOC curve, which is observed at a low current rate [17].
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However, this strategy requires charging and discharging a battery at controlled conditions and at
very low rates (e.g., 1/25 C). This alternative cannot be used in a real application due to the long time
needed. The results of these techniques are very accurate but unfortunately, these methods cannot
meet the online real-time requirements for BMSs. Alternatively, some SOH estimation strategies have
been proposed in [14,18,19] using real-time equivalent model adaptive systems, based on optimization
strategies, with the corresponding high computational cost.
Incremental capacity analysis (ICA) is an interesting tool to estimate the capacity of a battery, since
it only requires tracking the charging profile in static conditions. From the application point of view,
the charging current or power can be managed and controlled by the battery management system
(BMS), regardless which charger is used, since the process is defined by the BMS. The intercalation of
the lithium metal analysis leads to the correlation of the ICA and capacity, demonstrating the sensitivity
of this charging profile to the aging of the battery [20,21]. In this sense and according to several
authors [22,23], this tool can be used to analyze the evolution of the capacity. Wang et al. used their
ICA with the support vector machine (SVM) model to reduce the number of operations and to predict
the SOH of a cell. According to the results, the algorithm was able to estimate the capacity within a
1% error bound [24]. To reduce further the computational cost of this tool, smooth tools [22] such as
Gaussian processes with relatively low computational cost were proposed to compute the incremental
capacity (IC) curve from the measurements. Furthermore, in these papers, only the capacity fade was
taken into consideration for SOH determination, not considering the impedance rise experimented by
the cells. Furthermore, a Gaussian process was used to smooth the calculated IC curve, which is still
very heavy to compute.
To overcome the aforementioned issues, the objective of this work is to evaluate different online
and computationally low-cost techniques for capacity and impedance estimation, based on the study
of the battery charging profile. In order to evaluate these techniques in batteries aged at various
conditions, extensive aging test matrix and aging check test procedures are proposed. A methodology
to calculate the optimum IC curve is proposed, using a very simple algorithm. Then, correlation
between different charging profile indicators (CPI) and battery health indicators (BHI) will be studied,
in order to identify the best CPI to estimate both BHI: capacity and resistance. In this sense, the added
value of this work comes from the low cost of the algorithm IC calculation, since a very simple strategy
has been used to smooth the IC curve. Additionally, this paper proposes the estimation of both main
aging indicators such as capacity and resistance.
2. Cell Level Tests
To test the cell samples, a Basytec tester (HPS.X.62.44.0502) associated to a climatic chamber
(VÖTSCH VC34100) to control the temperature is used. Using these two devices, it is possible to
control and measure variables such as cell temperature, current, and voltage.
2.1. Cell Specifications
The most important feature of the selected cell for this work is the high energy density of
240 Whkg−1. It presents a nominal capacity of 54 Ah, and the working voltage range is limited to
2.5–4.15 V, as recommended by the manufacturer. According to the data sheet, the negative electrode
is made of graphite, and the positive electrode is composed of Li(NiMnCo)O2. The maximum current
rate is limited to 1 C, and a nominal charging rate is recommended to conduct at a C/2 rate. The most
important features are summarized in Table 1.
Table 1. Cell specifications.
Capacity Material Maximum Continuous Current VoltageRange
Temperature
Range
54 Ah Li(NiMnCo)O2)carbon C/2 Charge 1 C Discharge 2.5–4.15 V 10–45 ◦C
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2.2. Aging Test Matrix Definition
In order to evaluate the BHI estimation techniques, the capacity fade, and the impedance rise,
an extensive test matrix was designed. The goal of this test matrix was to analyze the lifetime of this
particular battery technology and to identify a proper strategy to estimate BHI when the cell is aged
at various cycling conditions. In this sense, two samples were used in each test conditions in order
to get stronger results. All conducted cycling tests are detailed in Table 2. According to this table,
three temperature levels were selected to analyze the effect of this variable: 10, 25, and 45 ◦C. The depth
of discharge (DoD) is kept constant at 90%, which is a requirement of the application. The DoD is
calculated considering the discharged Ah referring to the current capacity value. Hence, 90% DoD
is calculated by multiplying 0.9 by the last measured capacity value. To avoid errors caused by the
current error accumulation on the Ah counting, in every charge after a conventional CC–CV (constant
current–constant voltage) charge, the SOC was reset to 100%. Generally, constant current cycles were
performed. The discharge current rate was set to 1 C in the entire test, except for one case, where it
was reduced to C/2. Similarly, the charging rate of the constant current phase was predefined to C/3,
with two additional tests at C/2. The aim of this modification is to investigate the effect of charging and
discharging current rates on aging.
Table 2. Cell aging test matrix.
N◦ Temperature Charge Voltage DoD Discharging Rate Charging Rate
1 25 ◦C 4.15 V 90% 1 C C/3
2 10 ◦C 4.15 V 90% 1 C C/3
3 45 ◦C 4.15 V 90% 1 C C/3
4 25 ◦C 4.15 V 90% 1 C C/2
5 25 ◦C 4.15 V 90% C/2 C/2
6 25 ◦C 4.15 V 90% Automotive power profile
7 10 ◦C 4.15 V 90% Automotive power profile
8 45 ◦C 4.15 V 90% Automotive power profile
Additionally, a typical heavy-duty power profile scaled down to the cell level was applied
at different temperatures in order to compare the aging across a range of the expected operating
temperatures. This power profile consisted of 16 h of heavy-duty vehicle usage, containing discharging
and charging current peaks, with an equivalent discharge of 85% DoD at the beginning of life.
Then, the cell was charged at a C/3 rate to 4.15 V and kept at this voltage until the current was below
0.05 C. Finally, the cell rested for approximately 3 h to complete 24 h cycle with the discharge, charge,
and rest period. The evolution of each battery capacity and impedance over the lifetime is visualized
in Figure 1.
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Figure 1. Capacity and impedance evolution during the lifetime of a high energy density Li-ion cell.
2.3. Aging Check Test Procedure and Battery Health Indicator Extraction
The aging check test (ACT) is visualized in Figure 2, it was designed to quantify BHI, and it
was conducted at beginning of life, end of life, and in an interval of 4 weeks. Cell aging testing was
finished when the cell capacity had decreased below 80% with respect to the initial value. In this
work, the capacity and impedance are considered as the main health indicators, and therefore, the ACT
was designed to obtain these values. In this sense, from each ACT, some parameters were extracted
automatically such as the capacity, impedance at 1 C, and the OCV vs. SOC. To control the effect of the
temperature on these measurements, the ACT tests were conducted within a climatic chamber at a
constant temperature of 25 ◦C. To measure the capacity, firstly, a conventional charging step (0.5 C rate
constant current until 4.15 V, constant voltage charge at 4.15 V until the current has decreased below
0.05 C rate) were applied. Then, a 0.5 C discharge until the minimum voltage of 2.5 V was performed
in order to measure the current capacity, which was used to follow the evolution of the capacity over
the lifetime. The resistances were calculated by applying a constant current pulse at different SOCs
(95%, 90–10% in 10% steps and at 5%). At each SOC, a 60 s 1 C rate discharge pulse preceded and
followed a 600 s rest period. The SOC change generated by this pulse during 60 s is 1.6%, which is not
assumed to be big enough to consider impedance variation during this interval. For impedance rise
identification, the 60 s discharge resistance R at 50% SOC was used for the aging analysis and tracking.
This resistance value was calculated following Ohm’s law, with the measured voltage and current
profiles during this pulse.
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3. Charging Profile Indicator Extraction
To evaluate the correlation between each charging profile indicator (CPI) and BHI, a systematic
battery test extraction has been implemented from each ACT, which is exported in an Excel file with all
the measurements (voltage, current, temperature) together with additional information about the test.
Then, all these results are analyzed with a script developed in Matlab in order to analyze which CPI
presents the best correlation to the BHI. A general overview of the workflow is visualized in Figure 3.
Firstly, the work will start by analyzing the correlation between constant voltage (CV in Section 3.1) step
time and capacity/impedance. Then, the work will focus on identifying the optimum IC curve calculation
strategy from voltage and current measurements (Section 3.2). From this IC curve, the correlation
between the absolute peak, local peak, value at voltage threshold (4 V), and model parameter with the
aforementioned health indicators will be investigated in Sections 3.2.1–3.2.4, respectively.
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3.1. Constant Voltage Step Time
The conventional charging procedure consists of two main steps. During the first step, a constant
current (C/3) is applied to each cell until they reach the maximum charging voltage (4.15 V). Then, in a
second step, each cell is kept at constant voltage until the cell current is decreased below 0.05 C.
The constant voltage step time is considered in this work from the first cell voltage measurement
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higher than 4.145 V to the end of charging process, which is measured in seconds. Figure 4 represents
the evolution of the voltage (subplot a) and the evolution of the IC curve over the lifetime, with the
corresponding identification of IC local and maximum peaks. The results correspond to the cell aged
at 25 ◦C, 1 C rate discharge, 0.3 C rate charge, and 90% DoD.
Energies 2020, 13, x FOR PEER REVIEW 7 of 18 
 
Figure 4 represents the evolution of the voltage (subplot a) and the evolution of the IC curve over the 
lifetime, with the corresponding identification of IC local and maximum peaks. The results 
correspond to the cell aged at 25 °C, 1C rate discharge, 0.3C rate charge, and 90% DoD. 
3.2. IC Calculation 
The IC curve shape and the CPI obtained from this curve are strongly influenced by the 
measurement sample time and the derivation calculation strategy. In this particular work, the cell 
voltage, current, and temperature are measured every 30 s during the ACT charging process. 
Similarly, incremental capacity is calculated by differentiating the change in the charged capacity 
with respect to the change in terminal voltage during the charging process, as defined in Equation 
(1). Some other authors have used more sophisticated strategies such as Gaussian process [22] to 
smooth the shape of the IC curve. However, in order to reduce the computational cost of the 
calculation, the value of the IC curve is calculated by comparing two points displaced N 
measurements (Displacement). In this sense, two measurements displaced 30 points; the 
displacement in time between them is 30 × 30 in seconds. The objective is to identify the best 
displacement between two points used to calculate the IC curve, taking into account the correlation 








Q: Charged ampere hour; V: Measured voltage; N: isplacement. 
 
Figure 4. Charging profile and the incremental capacity (IC) curve calculated of one cell of the test 
matrix. 
3.2.1. Absolute Maximum Value of IC Curve and the Position of the Peak 
From each IC curve, the absolute maximum value is simply obtained by identifying its 
maximum peak. Additionally, the voltage of the cell at this point is recorded to take it as a 
Figure 4. Charging profile and the incremental capacity (IC) curve calculated of one cell of the
test matrix.
3.2. IC Calculation
The IC curve shape and the CPI obtained from this curve are strongly influenced by the
measurement sample time and the derivation calculation strategy. In this particular work, the cell
voltage, current, and temperature are measured every 30 s during the ACT charging process. Similarly,
incremental capacity is calculated by differentiating the change in the charged capacity with respect to
the change in terminal voltage during the charging process, as defined in Equation (1). Some other
authors have used more sophisticated strategies such as Gaussian process [22] to smooth the shape of
the IC curve. However, in order to reduce the computational cost of the calculation, the value of the IC
curve is calculated by comparing two points displaced N measurements (Displacement). In this sense,
two measurements displaced 30 points; the displacement in time between them is 30 × 30 in seconds.
The objective is to identify the best displacement between two points used to calculate the IC curve,
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3.2.1. Absolute Maximum Value of IC Curve and the Position of the Peak
From each IC curve, the absolute maximum value is simply obtained by identifying its maximum
peak. Additionally, the voltage of the cell at this point is recorded to take it as a supplementary
potential aging indicator. The maximum absolute value is visualized with a blue star in Figure 4.
3.2.2. Local Maximum Value and the Position
From each IC curve, the local maximum value is obtained. To identify the local maximum value,
the reduction of the IC curve slope is considered. To find this point automatically, the second derivation
of the IC curve is calculated, as shown in Equation (2). In this curve, the local peak is identified when
the IC curve derivation is changed from a value higher than 2 Ah/V2 to a value that is lower. From this
step, the value of the local peak and the voltage at this point of the IC curve are recorded for later study










3.2.3. IC Value at Voltage Threshold
The IC value at 4 V has been stored and considered as a candidate to use this CPI for estimating
the aforementioned BHI, capacity, and resistance. This 4 V IC value has been selected after a visual
inspection of the IC curve and identification as a potential candidate for BHI estimation. The IC value
at 4 V is visualized with a green triangle in Figure 4.
3.2.4. IC Modeling
The equation used to describe the pseudo binary reactions that appear on the IC curve is detailed
in Equation (3) [25], and the description of each parameter is detailed in Table 3. The measured IC
curve is described by the convolution of the pseudo binary reactions in the positive electrode with
the pseudo binary reactions in the negative electrode [26] over the voltage range. To find the IC
model optimum parameters (Ai, Voi, and ωi) of each curve, the least square technique has been used,
minimizing the difference between the measured and modeled IC curve. After analyzing the measured







−( V−V0iωi ) (3)
Table 3. Parameters used in the IC modeling.
Parameters Description
n Number of peaks used to model the IC curve (I = 1, . . . , n).
Ai Pre-exponential factor (magnitude of the ith peak).
ωi Scale factor (the width at half height of ith peak).
V0i The symmetry center of the ith peak.
V The input vector of the equation (the voltage range used).
The potential of modeling this IC curve is reported on the literature [27–29]. According to the
authors, (1) it is possible to identify the aging mechanisms produced inside the cell; using this tool, it is
possible to track the evolution of each process to determine the main aging mechanism, providing
an opportunity to avoid those situations inducing this process. (2) The capacity of the battery can be
calculated by integrating the modeled IC from the minimum voltage to the maximum one, and (3) it is
possible to quantify the IC curve shape change numerically without any human intervention. The IC
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modeling has already been used in the literature, but the novelty of this work focuses on the correlation
of the evolution of the parameters described in Table 3 with the BHI.
4. Results and Discussion
After describing all the BHI and the CPI extraction, the next step is to evaluate systematically the
correlation between each aforementioned parameter (described in Sections 3.1 and 3.2). All the cells
used in the aging test matrix (defined in Section 2.2) are used to validate each SOH estimation strategy.
Since the aging matrix has been designed to test under a wide current, temperature, and DoD spectrum,
the algorithm will be tested out of ideal conditions. Beforehand, the best IC curve calculating strategy
will be identified, avoiding high computational cost strategies and finding the optimum displacement
points for executing Equation (3).
To reach this objective, the flowchart visualized in Figure 5a has been designed and executed.
The algorithm starts with defining the initial displacement, limiting to 30 in order to avoid the usage
of large arrays during the on-line implementation within a micro controller. The next two steps
are focused on analyzing all the aging check tests of all the cells described in Table 3. In each ACT,
the IC will be calculated, and from this curve, the CPI detailed in Sections 3.2.1–3.2.4 are obtained.
Additionally, the BHI (capacity and impedance at 50% of SOC) are calculated. When this CPI and BHI
extraction is conducted for all the ACT and cells, the number of displacement N is increased, and the
algorithm starts finding an equation to correlate each CPI and BHI. This is obtained by a second-order
equation, which is described in Equation (4). The parameters (C0, C1, and C2) used in the equations are
found using least square technique to minimize the difference between the measured and calculated
value. This equation is found for each CPI type detailed in Section 3.
BHIesti = Cesti = f (CPI) = C0, j + C1, j CPI j,i + C2, jCPI
2
j,i (4)
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Figure 5. (a) Flowchart used to identify the optimum incremental capacity (IC) calculation strategy.
(b) Mean and maximum error done correlating each charging profile indicators (CPI) to capacity for
different displacement points N.
Afterwards, the accuracy of BHI estimation is evaluated by comparing to the BHI measured.
From this comparison and using Equations (5) and (6), the mean and maximum error of the BHI
estimation using each CPI is evaluated. In this sense, the mean (blue) and the maximum (red) values
of the absolute error are shown in Figure 5b. Both of the errors are plotted for each displacement of the
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measurements, as stated in Equation (1), to calculate the IC curve (see Section 3.2). The objective is to






|BHIesti − BHIi| (5)
Maxerror = max((|BHIesti − BHIi|)), i = 1, . . . , n (6)
According to the results shown in Figure 5b, the best indicator to estimate the capacity is to
evaluate the peak value of the IC curve. Additionally, the best results are obtained if the IC curve is
calculated taking two points displaced 30 sample points. Considering the sample time of 30 s during
the charging step, the two voltages and Coulomb counting values to calculate the IC are distanced
900 s from each other. Going more in detail, there is not a big difference on the mean value error if we
consider the accuracy obtained with the maximum and the IC value at 4 V. However, the maximum
error considering the maximum value of the IC curve is reduced down to 1.7 (red IC peak value) Ah for
all the cells and ACT studied in this work. Considering this CPI and N = 30, a mean value of 0.56 Ah
(blue IC peak value) and maximum of 1.7 Ah are obtained, which means 1% and 3% respectively
referring to the nominal capacity of the cell.
The outcomes of this section are as follows: (1) a methodology is proposed to identify a low-cost
IC calculation strategy, avoiding the use of more complex Gaussian processes or similar filtering
techniques; (2) the CPI with the highest correlation with the BHI is the maximum IC value, measured
during the charging; (3) additionally, the estimation of both capacity and impedance is defined as a
target of this work.
4.1. Capacity Fade Estimation Results
4.1.1. CV Step Duration
The correlation between capacity BHI and the CV step time duration is not very strong.
The dispersion between the evaluated points is significantly higher among all the studied cells
in this work, and consequently, the mean value of the error done in the capacity estimation increases
up to 1.48 Ah. The maximum error has increased up to 5.5 Ah. Additionally, this technique could only
be used in those applications using single cells, since in applications using more than one cell, the CV
step could not be limited by a single cell. Therefore, the usage of this method is discarded for real-time
implementations. Sun et al. [30] reached the same conclusion in their research.
4.1.2. IC Absolute and Local Peak Value
Figure 6 shows the correlation between the capacity and the CPI obtained from each ACT of each
cell, which were aged according to the operation conditions defined in Table 2. Figure 6 shows the
capacity vs. the measured maximum IC peak value in blue, the capacity vs. the local maximum value
in red, and the value found when the cell presents a voltage of 4 V during the charging process in green.
In a continuous line and at a corresponding color, the fitted equation is plotted using a second-order
equation described in Equation (4). According to the results, a mean error value of 0.56 Ah was found
using the maximum value, 0.81 Ah in case of the local maximum value, and 0.55 Ah using the value
found at 4 V. For a new battery, the standard deviation could be larger than the indicated mean value.
However, this deviation is reduced considerably when the capacity value is reduced, where estimation
accuracy is more critical. The lowest error when estimating the BHI has been obtained using the
maximum IC value, and therefore, the values found for the parameters C0, C1, and C2 in this case are
visualized in Table 4. Some additional information is included in this table such as the parameters to
calculate resistance considering the maximum IC value and the capacity/resistance using IC model
parameters. The IC modeling results will be discussed in detail in Sections 4.1.4 and 4.2.4.
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Table 4. Capacity and impedance estimation equation parameter values.
Estimation Target Values
Capacity vs. IC max value C0 = 21.62 C1 = 0.2849 C2 = −3.98× 10−4
Resistance vs. IC local max value R0 = 8.3× 10−3 R1 = −1.58× 10−4 R2 = 9.28× 10−7
Capacity vs. IC model max values C0 = 29.9 C1 = 0.241 C2 = −4× 10−4
Resistance vs. IC model local max values R0 = 2.8× 10−4 R1 = −1.63 × 10−5 R2 = 3.27×10−8
As stated in the introduction, there might be several mechanisms reducing the battery performance,
making the identification of what is reducing the IC peak value difficult. According to the literature [22],
the most probable cause might be lithium plating, but specific equipment and post-mortem analysis is
needed to identify the mechanism causing this change.
4.1.3. IC Absolute and Local Peak Posi
Similarly, the correlation found between the IC peak (blue) and local peak (red) position is plotted
in a second subplot of Figure 6. In this chart, the capacity is visualized with respect to the voltages or
the position of the absolute and local peaks. To find an equation that meets the real capacity considering
the different peak positions, a similar optimization strategy is used. In this case, the mean and the
maximum error values were found to increase up to 0.76 Ah and 1.18 Ah, respectively. Compared to
the accuracy obtained from the IC peak and local peak error, the estimation made using the local peak
was found to be less accurate.
4.1.4. IC Modeling
Following the steps defined in Section 3.2.4, each IC curve has been modeled by finding the
optimum parameter model values for each disarranged exponential proposed in Equation (3). Taking
into account the shape of the IC curve to model, a 6th-order IC model has been selected to fit with
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the real IC curve. Hence, a set of 18 parameters are found in each optimization (6 A, 6 V, and 6ω) in
order to minimize the real and modeled IC curves. As it has been previously mentioned in this work,
the least square technique is used to find the optimum value of each parameter. The different IC curves
and the evolution of each exponential curve are visualized in Figure 7. According to the experience
acquired in this work, the maximum value of the IC curve was found to decrease proportionally
to the capacity fade. In this sense, in the second subplot of Figure 7, the maximum value of the IC
curve is modeled by the parameters A4 and A5, by observing the position of these two disarranged
exponentials. The goal of this study is to identify if the representation of the IC peak using the model
has the same correlation as the real IC peak value to the capacity.
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Therefore, in Figure 8, the capacity was plotted vs. the sum of A4 and A5, since they represent the
maximum value of the IC curve. According to the result, the correlation between both of the indicators
is very strong, and this information can be used again to estimate the capacity of the battery in real
application. Additionally, Figure 8 shows in a continuous red line the equation that describes this
correlation, using a second-order polynomial definition in Equation (4). In this particular estimation,
the mean value of the error during the capacity estimation was found to be 0.47 Ah, which is less than
1% with respect to the nominal capacity of this particular cell.
The estimation of the capacity using IC modeling presents a higher computational cost than
evaluating simply the maximum value of the IC curve. However, tracking and modeling the IC curve
offers great potential to evaluate another degradation mechanism [26]. In this specific work, during the
best BHI identification technique, the algorithm was executed in a computer. More specifically, the IC
peak magnitude and location might be used to evaluate the degradation, since the IC peaks represent
the phase transitions during the intercalation/deintercalation processes, and this electrochemical
reaction is affecting directly the capacity loss. The locations of the peaks might also have a correlation
with the faded capacity and can give a good estimation of the loss. Particularly, with this battery
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diagnostic tool, it could be possible to identify the lithium plating phenomenon and anticipate the
quick capacity fade produced by this. This investigation is considered out of this paper’s scope.
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4.2. Resistance Growth Estimation
4.2.1. CV Step Duration
As a reference, the impedance measured during the ACT, defined in Section 2.3, is taken into
consideration, which is calculated by applying a 1 C constant current rate during 60 s at 50% of SOC.
The correlation between the CV step duratio and the inner resistance evol tion is not big enough.
This time, the correlation found between these two variables presents a mean error value of 50 uOhm,
evaluating numerically. As co cluded in Section 4.1.1, for applicatio s using more than one cell,
this option is discarded, since the CV step could be limited by more than one cell.
4.2.2. IC Absolute and Maximum Peak Value
A similar strategy is used to check the internal impedance growth estimation, taking as reference
the IC absolute and local maximum peaks. The correlation between each measured IC maximum value
and the resistance is obtained by a second-order equation described in Equation (7). The parameters
used in the equations (R0, R1 and R2) are found using optimizations tools and minimizing the measuring
and the calculated value.
BHIesti = Resti = f (CPI) = R0, j + R1, j CPI j,i + R2, jCPI
2
j,i (7)
Figure 9 shows the correlation of the resistance vs. different measurements. The resistance
with respect to the measured maximum IC peak value is plotted in blue, the resistance vs. the local
maximum value (following the strategy defined in Section 3) is in red, and the value found when the
cell presents a voltage of 4 V during the charging process is shown in green. The correlation found
Energies 2020, 13, 4855 14 of 18
using Equation (7) is plotted in a continuous blue line. According to the results, a mean error value of
35 uOhm is found in the case of taking into account the maximum value, 32 uOhm in the case of a
local max value, and 38 uOhm using the value found at 4 V. Taking into account the initial value of
the inner resistance, this means a mean absolute error of around 2%. Unlike the capacity observation,
the measureable indicator with the highest correlation to the resistance seems to be the local peak
value, rather than the absolute value. However, due to the similar accuracy, the maximum and local
peak values can be used for resistance estimation.
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4.2.3. IC Absolute and Maximum Peak Position
The second subplot from Figure 9 shows the correlation between the global and local peak position,
as measured in volts with respect to the inner resistance. Again, all the data were fitted to the equation
in order to evaluate the error done in the estimation of the impedance. The results obtained considering
the maximum peak position are shown in blue, and the local maximum is shown in red. According to
the results, mean values of 37 uOhm and 42 uOhm were found respectively for each indicator.
4.2.4. IC Modeling
Using the previously obtained information, the highest correlation between the IC curve parameters
and the cell inner resistance was obtained by tracking the evolution of the local IC peak value. Figure 10
shows the relation between the impedance rise vs. the sum of A2 and A3, since they represent the local
maximum value of the IC curve. According to the result, the correlation between both of the indicators
is very strong, and this information can be used again to estimate the resistance of the battery in real
application. Additionally, Figure 10 shows the equation that describes this correlation in a continuous
red line, using the second-order polynomial definition in Equation (7). This time, compared only to all
cells’ response, the mean value of the absolute error done in resistance estimation has been found to be
36 uOhm, which is less than 2% with respect to the nominal resistance of this particular cell.
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5. Validation of the Algorithm at Battery Module
The correlation between the IC peak value and each BHI (capacity and impedance) has been
investigated and validated in Section 4. Different cells have been aged at different conditions by
modifying the temperature, DoD, and current. Therefore, the correlation between the IC peak value
and BHI method is validated for each cell in a wide range of SOH.
In order to test the BHI estimation algorithms in a real platform, a battery module was built using
the cells in a 12 series, two-parallel configuration. For measuring the cell voltage and temperature,
an Analog device LTC6811 device was used with ±1 mV resolution. The value of the current through
the cell was observed using a shunt resistor manufactured by Vishay, particularly using WSBS8518.
The data provided by these sensors were received and processed in a TMS320f28335 microcontroller
manufactured by Texas instruments. This microcontroller estimates the cell states such as state of
charge, state of function, and state of health. The description and these algorithms are considered out
of the scope of this work.
To calculate the CPI in similar conditions to a heavy-duty application, a 100 kW charger was
emulated to charge a 350 kWh battery pack, scaling down the power rates to a single module level.
With this energy and power ratio, the charging current rate was defined as approximately 0.3C rate.
Since the charging was done at constant power, the current presented a variation according to the
voltage change. In this sense, the measured current, which is visualized in the right axis of Figure 11b,
moved from 27 A at the beginning to 24 A at the end of charge.
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The l ft side in Figure 11 shows the calculated IC c rve by sam ling the charging every 30 s
and using a displacement of 30 betwee the two poi ts used to calculate the IC. The IC c lcula ion
procedure defined in Section 3.2 has been sed. In the right axis, the 12 cell voltages are visualized
from 3.55 V to 4.07 V, approximately. Even though commerci l elements were used to ch rge the
module and to measure the cell variables, such as current and volt ge, the IC result is very similar to
t e calculated on in the laboratory. In Figure 11b, the evolution of the current and state of charge f
t e 12 cells is visualized. The i itial SOC is around 27%, and the module is charged to 95%.
By identifying the peak value of the IC cur e, the values of the c pacity and the resistances are
calculated by processing Equation (4) and (7) and using the corresponding v lues of the parameters
d tailed in Table 4. Ano her alternative would be to use the graphs visualized in Figures 6 and 9
for capacity and resistance, respectively. Considering a peak IC value of 160 Ah/V, the calculati
of capacity gives as a result a value of 57.03 Ah (57.54 Ah measured at cell level), which is higher
t an the nomina value, and at the same time, it is the real capacity at th beginning of life according
to the laboratory re ults. Regarding the resistanc estimation, th result provides us with a value
of 1.6 mOhm (1.55 mOhm measured at the cell level). These ca acity and resistance values are in
accordance with the laboratory test results, with a 0.89% and 3% error for capacity and resistance;
therefore, the BHI calculation strategy is validated at the beginning of life. Further work is needed
to evaluate the performance of the algorithm when the cell is aged; however, this first validation on
pristine cells and the high number of degradation cases studied for the model calibration phase show
the feasibility of the proposed methodology. In this sense, to reduce the testing time and maximize
the results, simulation tools such as EleMA [31] can be used to test the algorithm in a controlled
environment and more easily identify the potential improvements.
6. Conclusions
In this work, the correlation of different CPI and BHI have been studied and compared in order to
evaluate the parameter with the highest correlation to the capacity and the impedance. According
to the results, IC curve maximum value tracking can be used for estimating the battery capacity.
For impedance estimation, the local maximu IC value has been concluded to be a CPI with the
highest correlation to the impedance. However, the use of the peak value for impedance estimation
provides similar accuracy; therefore, this CPI can be used for this purpose. The robustness of the
method is checked as well in cells aged according to a test matrix, as detailed in Table 2 and initially
validated in a real-life charging case for pristine cells. These low-cost computational alternatives can
be applied to a set of batteries of the same batch without any need of sophisticated model-updating
algorithms, such as Gaussian process, EKF, and other alternatives used in the references. In this sense,
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using the maximum value of the IC, a mean error of 0.56 Ah (<1%) and 35 uOhm (<2%) was found,
for capacity and impedance estimation, respectively, by simply tracking the maximum values of the
IC curve and applying these data to a second-order equation. Additionally, the modeling of the IC
curve was implemented in order to evaluate the relation of each exponential magnitude and the
capacity fade and the impedance rise. This technique presented very good results, showing a mean
absolute error of 0.47 Ah and 36 uOhm for capacity and impedance, respectively. This concept presents
a higher computational cost than the previous alternative, but with a higher potential to evaluate
online and automatically the evolution of each degradation mechanisms, which will be considered as
future research lines. Finally, the BHI estimation strategy was implemented in a real battery module
and tested in a similar condition of a heavy-duty application. The results were successful, and the
capacity and impedance values were aligned to the laboratory results measured at the beginning of
life. Hence, the contribution of this paper is the proposal of a methodology to evaluate the optimum
IC curve calculation strategy, the identification of the best CPI to estimate the BHI, the estimation of
capacity and impedance, and finally, the validation of this in a real battery module.
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